Current tendency of electromyography (EMG)-based prosthetic hand is to enable the user to perform complex grasps or manipulations with natural muscle movements. In this paper, empirical copula-based templates; including the unified motion template and the state-based motion template, are introduced to identify the naturally contracted surface EMG (sEMG) patterns for hand motion recognition. The unified motion template utilizes a dependence structure as a motion template, which includes one-to-one correlations of the SEMG feature channels with all the sampling points, while the state-based motion template divides the sampling points into different states and takes the union of the dependence structures of the different states. Comparison results have demonstrated that the proposed Empirical Copula-based methods can successfully classify different hand motions from different subjects with better recognition rates than Gaussian mixture models (GMMs). In addition, the state-based motion template has a better performance than the unified motion template especially for the complex hand motions.
Introduction
An ideal active hand prosthesis, regarded as a sensible replacement of the lost hand, should be cheap, visually appealing, lightweight, and long-running. More importantly, it is supposed to be highly dexterous and easily controlled with sensory feedback. With the advances in the mechatronics, it has become feasible to build a prosthetic hand with emulational appearance, advanced materials, and multiple active degrees of freedom (DOFs). However, controlling the position and especially the exerted force of each finger cannot be done naturally.
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The surface electromyography (sEMG) is the current state-of-the-art technique for the control of active hand prostheses. The best known commercial hand prostheses are SensorHand and i-Limb. Both of them are limited to the DOFs or electrodes, which make them far from the ideal active hand prosthesis.
1 Though others such as HIT/DLR prosthetic hand, CyberHand, APL-led Revolutionizing Prosthetic Arm and DEKA arm have more DOFs and electrodes, they are still suffering the problem of low sEMG recognition rates. How to enhance the sEMG recognition accuracy has become the main focus of the ongoing research of rehabilitation and prosthetics. The two key issues, feature selection and classifier design, play crucial roles in the performance of recognition algorithms. Feature selection is to define a feature vector from the original sEMG signal, while pattern classification is to discriminate feature vectors to different classes. A variety of features have been extracted by different feature selection methods in the time and frequency domains. The time domain features of sEMG include integral of sEMG (IEMG), wavelength (WL), variance (VIR), zero crossing (ZC), slope sign changes (SSC), Willison amplitude (WAMP), histogram of sEMG (HEMG), and coefficients of autoregressive model (ARM). The frequency domain feature is a frequency domain short-term feature corresponding to the each frequency band. The wavelet features, Cepstral coefficients, and Fourier transform coefficients belong to frequency domain features, which are achieved by the time-frequency analysis methods such as short-time Fourier transform, wavelet transform, and wavelet packet transform [2] [3] [4] ; besides, power spectral density (PSD) of sEMG signals can be estimated by Fourier transform methods, Yule-walker algorithm, Welch's method, and the maximum entropy method. Liu et al. 5 have proven that ARM and HEMG are more effective than other six kinds of features -IEMG, WL, WAR, ZC, SSC, and WAMP. However, Ref.
6, eight features are tested with additive 50 Hz interference at various signal-to-noise ratios and WAMP outperforms the other features including root mean square, WL, SSC, HEMG, median frequency, mean frequency, and ARM. On the other hand, lots of classification methodologies have been proposed for processing and discriminating sEMG signals. As a computation technique that evolved from mathematical models of neurons and systems of neurons, neural network (NN) is becoming one of the most useful methods. 7 Tsenov et al. 8 proved that multi-layer perception (MLP) gained a better recognition result than radial basis function (RBF) and learning vector quantization (LVQ). Naik et al. 9 improved the back-propagation NN (BPN) using multi-run ICA of sEMG to identify six hand gestures and achieved a relatively high classification accuracy. 20 These uncertainties need more consideration in extracting sEMG's features that are determinant to the performance of classifiers.
In this paper, we have applied a new method, Empirical Copula (EC), to study the dependence structure of sEMG patterns with an effective sEMG feature, and then managed to build up the motion templates for recognizing complex hand motions. This paper is organized as follows: Sec. 2 describes recognition method using EC, including the feature selection and resampling process. Section 3 gives the details of the experiment and demonstrates the recognition results. Finally, the paper is concluded with concluding remarks.
Recognizing with EC
EC has successfully been used as a recognition algorithm for hand gestures captured from a data glove in our previous study. 21, 22 In this section, we will first revisit the theoretical foundation of copula, EC, and dependence estimation and then present the mechanism of the recognition algorithm.
Copula
An n-dimensional copula is defined as a multivariate joint distribution on the ndimensional unit cube (1) C is grounded, i.e., for every u in I n , C(u) = 0 if at least one coordinate u j = 0, j = 1, . . . , n.
(2) If all coordinates of u are 1 except for some
where the
Sklar's theorem 24 is central to the theory of copula and underlies most applications of the copula. It elucidates the role that copula plays in the relationship between multivariate distribution functions and their univariate margins.
Sklar's Theorem 2.1.1. Let H be a joint distribution function with margins
Then, there exists a copula C such that for all x i inR,
where C is an n-dimensional copula and
If C is an n-dimensional copula and F i (i = 1, . . . , n) are distribution functions, then the function H defined by Eq. (2) is a joint distribution function with margins F i (i = 1, . . . , n). More details can be seen in Refs. 23 and 25.
EC and dependence estimation
EC is a characterization of the dependence function between variables based on observational data using order statistics theory and it can reproduce any pattern found in the observed data. If the marginal distributions are normalized, the EC is the empirical distribution function for the joint distribution. Nelsen 23 has proven that these measures, such as Kendall's tau, Spearman's rho, and Gini's gamma, can be reexpressed only in terms of copula. Though their direct calculation may have much less computational cost than when using copulas, copula summarizes all the dependence relations and provides a natural way to study and measure dependence between variables in statistics. It is a very important approach since copula properties are invariant under strictly increasing transformations of the underlying random variables.
denote a sample of size n from a continuous bivariate distribution. The EC is the function C n given by
where The EC frequency c n is given by
) is an element of the sample 0, otherwise.
Note that C n and c n are related via
Theorem 2.2.1. Let C n and c n denote, respectively, the EC and the EC frequency function for the sample {(
. If ρ denotes the sample version of Spearman's rho, 26, 27 then:
Spearman's rho is used to measure two variables' association. 23 According to the definition and theorem, we can estimate one-to-one correlations between variables using EC based on Spearman's rho.
EMG feature extraction
In this paper, one effective EMG feature, mean absolute value (MAV), is selected from EMG various features. An estimate of the MAV of the signal,f (x), in segment x which is t 2 − t 1 samples in length is given bȳ
where t 2 − t 1 is the window size of the x segment. For example, Fig. 1 shows the MAV feature of the sEMG segment.
Resampling
Supposing the number of sampling points is n and number of attributes is m, for m n, according to the Eqs. (3) and (6), the time complexity of Spearman's rho is O(n 3 ). If number of samples is huge, computational time would be too long to get the result, which has been proven by our previous study. 21 To save the computational time, resampling processing is also employed in this study. We used the same strategy that is to take the samples at equal interval on the original sEMG features, e.g., in Fig. 1 , sampling points of the MAV is set to be 11 instead of 1,700, which alleviates the burden of the huge computational cost. 
Unified motion template
Supposing there are m variables that could be m channels of the sEMG features (7) in every motion, C 2 m is the total number of the one-to-one correlations and the number of sampling points is n. Let ρ ij be the Spearman's rho between ith and jth variables calculated from the n sampling points and the unified motion template is defined as the matrix P of Spearman's rhos:
where ρ ij = ρ ji when i = j and ρ ij = 1 if i = j. Given s observations for one motion, the template is trained by taking the average of all Spearman's rho matrices.
where w = [w 1 , . . . , w s ] is a weight vector used to store the relative differences of each observation in the estimated template, so that more valid observation may carry larger weight than those with more uncertainties, which may be caused by noise, capturing devices, software, and the environment. Figure 2 shows an example of the unified motion template representing the one-to-one correlations among the finger angles when grasping a book.
State-based motion template
The unified motion template proposed in Sec. 2.5 is achieved by calculating the Spearman's rho through all the sampling points at once. However, most hand motions contain different states such as opening hand, approaching the objects, grasping, and releasing. Figure 3 shows a hand motion divided into three states, i.e. approaching, holding, and withdrawing. The dependence structures of these states may be different and employing the unified motion template that packs all the sampling points may merge or lose important information of the complex hand motions. To prevent the information loss, motion template with different states is proposed by taking the union of the dependence structures of different states in the human hand motions.
Supposing one-hand motion contains s different states and the f th state includes n f sampling points, where f = 1, . . . , s and s f =1 n f = n. The motion template with s states is defined as the matrix P of Spearman's rhos: where
where ρ f ij is the Spearman's rho between ith and jth variables calculated from the n f sampling points that belong to the f th state in the hand motion; ρ f ij = ρ f ji . The template is trained and weighted in the same way as in Sec. 2.5, and an example of the state-based motion template with three states is shown in Fig. 4 .
The matrix P in Eqs. (8) and (11) effectively aggregates the dependence relations of m variables with n sampling points into just one m by m matrix or one m by s × m matrix, a highly reduced dimensionality of feature space. The relation matrix is naturally uniformed that the matrix is not dependent on differently sampled trials associated with specific speeds. This makes direct comparisons of relation matrices with differently sampled data feasible and computationally efficient.
Motion recognition
Motion recognition is straightforward with the proposed templates. It is achieved by finding the best match between an observed motion template and pretrained motion templates. Without loss of generality, we can consider the unified motion template as a special state-based motion template with only one state. The proposed algorithm is applied on an observed motion to generate its motion template U = { template. Its dissimilarity with the pretrained template P is achieved by
D t is t-norm distance and t ≥ 1 is a real number; usually we take t ∈ {1, 2, ∞} that D 1 is the taxicab norm, D 2 is the Euclidean norm, and D ∞ is the maximum norm. The derived D t norm infers the dissimilarity between the observed motion and the trained motions. The threshold of the template P is defined as
where α ≥ 1, which indicates that the threshold is 100/α percentage of the whole absolute value of the template. Different datasets may have different α values. In this paper, we set α = 10, then the threshold of the template in Fig. 2 would be 8.33. The matching criterion of the motion recognition is that if D t ≤ th P , the observed motion is recognized as belonging to the trained motion.
Experiment

Subjects
Eight (two females and six males) healthy right-handed subjects volunteered for the study. Their ages range from 23 to 40 and average is 32.5 years; their body height average is 175.5 cm; their body mass average is 70 kg. All participants gave informed consent prior to the experiments and the ethical approval for the study was obtained from University of Portsmouth CCI Faculty Ethics Committee. All subjects were trained to manipulate different objects.
Tasks and procedures
Participants had to perform seven grasps or in-hand manipulations that are shown in Fig. 5 and the motions are listed as following:
• Grasp and lift a book using five fingers with the thumb abduction.
• Grasp and lift a can full of rice using thumb, index finger, and middle finger only.
• Grasp and lift a can full of rice using five fingers with the thumb abduction.
• Grasp and lift a disc container using thumb and index fingers only.
• Uncap and cap a marker pen using thumb, index finger and middle finger.
• Pick up a pencil using five fingers, flip it and place it on the table.
• Hold and lift a dumbbell.
The contact points had been decided for every object and every motion lasted about 2-4 s. Each motion was repeated 10 times. Between every two repetitions, participants had to relax the hand for two s in the intermediate state, which is opening hand naturally without any muscle contraction. These intermediate states were used to segment the motions. Once one motion with 10 repetitions was finished, participants had to relax the hand for two min before the next motion started. This was designed to overcome the effects of muscle fatigue.
Data collection
The sEMG of five forearm muscles shown in Fig. 6 , i.e. flexor carpi radialis, flexor carpi ulnaris, flexor pollicis longus, flexor digitorum profundus, and extensor digitorum were measured using DataLINK system from Biometrics LTD with a gelskin contact area of about 4 cm 2 for each bipolar electrode and a center-to-center recording distance of 20 mm. The sampling frequency of DataLINK system in our experiment was set to be 1,000 Hz and sEMG signals were amplified 1,000 times and bandwidth is 20-460 Hz using an sEMG amplifier (SX230FW sEMG Amplifier, Biometrics LTD). To obtain clearer signals, subjects were scrubbed with alcohol and shaved if necessary and then electrodes were applied over the body using the die-cut medical-grade double-sided adhesive tape. Electrodes locations were selected according to the Musculoskelet of these five muscles and confirmed by muscle specific contractions, which include manually resisted finger flexion, extension, and abduction. The real-time sEMG signals were visualized on a computer screen giving participants feedback to choose the positions of electrodes with stronger sEMG signals.
Results and discussion
All original sEMG signals were separated by deleting the intermediate states.
According to Eq. (7), mean absolute value was calculated with window size 400 for every motion and resampled to 100 sampling points. Half of the mean absolute value was used to train the EC and the others were used for testing, according to the Sec. 2. Table 1 presents the overall results using the unified motion template in terms of different motions and different subjects. "S1" means the subject 1; "M1" denotes motion one; "SR" is the recognition rate of one particular subject, and "MR" is the recognition rate for one particular motion. The number from 1 to 5 represents the number of the correctly identified motions. From the table, regarding different motions from all subjects, the M7 gets the highest recognition rate, 97.5%, with only one motion wrongly recognized from S3, while the M5 achieves the second highest, 92.5%. These two motions need much more force requiring stronger muscle contraction than others, which makes the signals more identifiable than others. M1 and M4 have the lowest rate, 72.5%, and about half misidentified motions of them are caused by M3 and M2, respectively. This is mainly because of the similarity between M1 and M3 and the similarity between M2 and M4, which is confirmed from the Fig. 5 . It should be pointed out that the M4 from S5 scores only 1 out of 5 that is the lowest in all the motions. On the other hand, for different subjects doing all motions, the recognition rates range from 74.29% to 94.29%. For S2, only two motions have been wrongly identified and they are from M4 and M5. Except S1 and S5, whose rates are both 74.29%, others are all equal or above 80%. In the whole 56 motions (eight subjects, each has seven motions), more than half score 5 out of 5 correctly identified. In addition, the overall recognition rate reaches 84.29%. These have proved that the recognition algorithm is an effective classifier of sEMG signals to identify different hand motions from different operators.
It is assumed that each motion contains three states, which are approaching, holding, and withdrawing. The 100 sampling points of each sEMG mean absolute value have been divided into three states, which contain 33, 34, and 33 points, respectively. The SMT proposed in Sec. 2.6 has been employed to recognize the human hand motions with three different states. The results are shown in Table 2 . Compared with the unified motion template, the motion template with three states has a much better overall performance. Specifically, each motion has a higher recognition rate via the state-based template than via the unified motion template except the third motion, which is grasp and lift a heavy can, and only subjects 2 and 6 have higher correction rates in the unified template method. Overall, the method of the state-based motion template has improved the recognition performance of EC from 84.29% to 90.71%.
These two proposed recognition methods based on the EC templates have also been compared with the traditional statistic method, GMMs. More details of the modeling and recognition procedures could be seen in our previous work. 28 To have a fare comparison, the training and testing datasets for GMMs are all the same with those for EC-based methods and the overall recognition rate of GMMs is 80.71%, which is much lower than those of the proposed methods. Figure 7 shows the comparison results in terms of different motions and Fig. 8 gives the recognition rates in terms of different subjects. In Fig. 7 , for the relatively complex motions such as motions 5, 6, and 7, EC-based methods especially with SMT have much better performances than GMMs. In terms of different subjects shown in Fig. 8 , only subject 5 has a lower recognition rate in EC methods than in GMMs and others have higher rates.
Concluding Remarks
sEMG signal recognition has been intensively studied aiming to find a reliable classifier for the natural complex motions. In this paper, EC has been applied to study the dependence structure of sEMG patterns with an effective feature. The proposed motion templates, including the unified motion template and the state-based motion template, have been used to classify the natural complex hand motions using one-to-one correlations of the sEMG feature channels. The unified motion template packs all the sampling points of the sEMG features as one single state, while the state-based motion template divides all the sampling points into different states and takes the union of the dependence structures of different states. The proposed templates free the limitation of the motion speed when comparing different motions, so that recognition process is easily achieved by finding the dissimilarity between an observed motion template and pretrained motion template. The experiments on both grasp tasks and in-hand manipulations from different subjects showed that the classifier of EC can identify complex motions with an overall 84.29% recognition rate using the unified motion template and 90.71% using the state-based motion template. The comparison results have demonstrated that the proposed EC-based methods greatly outperform GMMs in terms of the recognition rate. Especially, the state-based motion template has a much better performance in identifying the complex hand motions, such as the pencil flip and pen uncapping. In addition, huge computational cost of the algorithm has been saved by the proposed resampling preprocessing. In the future, the recognition performance of these approaches can be further improved by using one refined sEMG feature or combined features, such as WL, VIR, and WAMP. Automatic detection of the different states in complex hand motions would be of help in the further study. Another future research direction is to study sEMG patterns constructed by fusing qualitative description for complex unconstrained motions. 
